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TRANSLATIONAL HIGHLIGHTS Given the need to better understand
gastrointestinal health and development, the use of noninvasive tests is expected to become increasingly relevant tools in
tailoring diet to meet the nutritional needs of the growing
infant. Chapkin and colleagues developed a novel molecular
methodology that utilizes stool samples containing intact
sloughed epithelial cells, to noninvasively quantify intestinal
gene expression profiles in the developing human neonate.
Linear discriminant analysis was successfully used to identify
the best single genes and two- to three-gene combinations for
distinguishing the feeding groups.
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Gastrointestinal (GI) maturation involves a continuous cascade of growth, differentiation, and renewal of epithelial cells.
In humans, the intestinal tract is functionally immature and
immunologically naïve at birth (18). Evidence from animal
models (48) and human infants (7, 12) demonstrates that the
intestinal tract of the newborn undergoes marked structural and
functional adaptation in response to feeding. The trophic response to human milk exceeds that to formula, suggesting that
bioactive components in human milk are important in this
response (19, 20). Nutrition during early postnatal development can modulate intestinal development in at least three
ways: 1) directly through stimulation of transcription and/or
translation by milk-derived nutrients (5), 2) indirectly through
modulation of the intestinal microbiota (9) or the mucosal
immune system (29), and/or 3) through induction of maturation
of gene-specific methylation, thereby permanently altering the
expression of developmental genes in the intestine (46, 47).
Therefore, it is essential to determine the effects of postnatal
nutrition on intestinal global gene expression profiles in the
infant. However, because of the ethical constraints associated
with obtaining tissue biopsies from healthy infants, no investigators have comprehensively profiled intestinal gene expression during early postnatal development.
Recent interest has focused on exfoliated cells as a tool to
investigate the impact of therapeutic and nutritional regimens
on the maturation of GI functions (17, 30). Approximately
one-sixth to one-third of normal adult colonic epithelial cells
are shed daily (37). This number corresponds to the daily
exfoliation of ⬃1010 cells. Because the number of intact cells
that can be isolated from fecal material is low (1, 14), we have
developed a patented noninvasive mRNA-based method as a
highly sensitive technique for detecting molecular markers of
intestinal development and function. This methodology has the
advantage of using exfoliated cell mRNA directly isolated
from feces, which contain sloughed small intestinal and colon
cells, and, therefore, does not result in any discomfort to the
subject. The method is capable of isolating and quantifying
specific mRNAs under various intestinal conditions, including
mode of feeding, and has been tested in a rat experimental
colon carcinogenesis model (8, 13) and in adult humans (15,
51). We propose that the ability to use exfoliated cell mRNA,
instead of biopsy or autopsy material, would be highly advan-
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Lupton JR, Mathai RA, Monaco MH, Rai D, Russell WM, Donovan SM, Dougherty ER. Noninvasive stool-based detection of
infant gastrointestinal development using gene expression profiles
from exfoliated epithelial cells. Am J Physiol Gastrointest Liver
Physiol 298: G582–G589, 2010. First published March 4, 2010;
doi:10.1152/ajpgi.00004.2010.—We have developed a novel molecular
methodology that utilizes stool samples containing intact sloughed epithelial cells to quantify intestinal gene expression profiles in the developing human neonate. Since nutrition exerts a major role in regulating
neonatal intestinal development and function, our goal was to identify
gene sets (combinations) that are differentially regulated in response to
infant feeding. For this purpose, fecal mRNA was isolated from exclusively breast-fed (n ⫽ 12) and formula-fed (n ⫽ 10) infants at 3 mo of
age. Linear discriminant analysis was successfully used to identify the
single genes and the two- to three-gene combinations that best distinguish
the feeding groups. In addition, putative “master” regulatory genes were
identified using coefficient of determination analysis. These results support our premise that mRNA isolated from stool has value in terms of
characterizing the epigenetic mechanisms underlying the developmentally regulated transcriptional activation/repression of genes known to
modulate gastrointestinal function. As larger data sets become available,
this methodology can be extended to validation and, ultimately, identification of the main nutritional components that modulate intestinal maturation and function.

NONINVASIVE GI GENE EXPRESSION IN INFANTS

tageous to document the impact of nutrition on the continuum
of intestinal development and maturation in the healthy newborn. Therefore, in this study, we noninvasively examined
intestinal transcriptional profiles in infants exclusively fed
formula or breast milk 1) to validate that this technique can be
applied to infant fecal samples and 2) to identify gene sets
(combinations) in response to mode of feeding, i.e., human
milk or infant formula. We demonstrate for the first time that
two- and three-gene combinations provide classifiers with
potential to noninvasively identify discriminative signatures
for the development of molecular markers to explore nutritional effects on maturation of intestinal function. In addition,
we utilized complementary systems biology approaches, e.g.,
multivariate measurement of gene expression relationships, to
identify “master” genes, which regulate the transcriptional
states of other “slave” genes in the infant intestine.
METHODS

Mothers of infants were recruited into the study between the third
trimester of pregnancy and 1 mo postpartum. Healthy, full-term
infants, who were exclusively breast-fed (BF) or fed commercially
available infant formula (FF; Enfamil LIPIL, Mead Johnson Nutrition,
Evansville, IN) and medically certified as healthy, i.e., asymptomatic
and with no clinical indication of disease, were eligible for enrollment
into the study. Infants who were diagnosed with intolerance to cow’s
milk or who were receiving both breast milk and formula, soy or
casein hydrolysate formula, juice, or solid foods were excluded from
the study. Enrolled infants who became clinically ill (fever, contagious diseases, or active diarrhea) or had received antibiotic treatment
within 2 wk of the sample collection were excluded from the study.
Mothers of the FF infants were provided with Enfamil LIPIL formula
for the duration of the study, and mothers of the BF infants received
a $25.00 gift card for each stool sample collection. Fecal samples
were coded with a unique numerical identification to maintain confidentiality of the participants. The experimental protocol was approved
by the University of Illinois and Texas A & M Institutional Review
Boards, and informed consent was obtained from parents prior to
participation in the study.
Sample Collection
Stool specimens were collected by the parent from exclusively BF
and FF infants at 3 mo postpartum. Instructions on sample collection
were provided to the parents. A sterile spoon was used to place ⬃10
g of freshly voided fecal material into a sterile 50-ml conical tube
containing 20 ml of guanidinium denaturation solution (Ambion,
Austin, TX). Samples were mixed by hand to create a homogenous
sample, which was immediately frozen at ⫺20°C until it was transported on ice to the laboratory by the research staff. Samples were
held at ⫺80°C until they were shipped on dry ice to Texas A & M
University for analysis.
Breast Milk and Formula Intake
For a full 24-h period preceding the stool sample collection, parents
weighed the infant before and after each feeding on an electronic scale
(Medela, McHenry, IL) without a change of clothing or diaper. The
change in body weight was determined as an estimate of breast milk
or formula intake. All data are presented as means ⫾ SD. Maternal
age and infant birth weight and length were compared using a
Student’s t-test (SAS version 6.0, SAS, Cary, NC). Differences in
breast milk and formula intake, Z scores, and body weight at 1, 2, and
3 mo of age were determined using a repeated-measures ANOVA
(SAS). Statistical significance was set at P ⱕ 0.05.

mRNA Expression Microarray Analysis
From each subject, polyA⫹ RNA was isolated from feces as
previously described (15). Because of the high level of bacterial RNA
in fecal samples, polyA⫹ RNA was isolated to obtain a highly
enriched mammalian polyA⫹ RNA population (14). In addition, an
Agilent 2100 Bioanalyzer was used to assess integrity of fecal polyA⫹
RNA, and quantification was performed by spectrophotometer (NanoDrop, Wilmington, DE). Samples were processed in strict accordance
to the CodeLink Gene Expression Assay manual (Applied Microarray,
Tempe, AZ) and analyzed using the Human Whole Genome Expression Bioarray, as we previously described (16, 51). Each array
contained the entire human genome derived from publicly available,
well-annotated mRNA sequences. Arrays were inspected for spot
morphology. Marginal spots were flagged as background contaminated, irregularly shaped, or saturated in the output of the scanning
software. Spots that passed the quality-control standards were categorized as good (G). In addition, a reading of L indicated “near
background.” The low-L measurements reflect true low gene expression levels or may have been caused by degradation of the mRNA,
resulting in a low signal. Typically, samples collected from colonic
mucosa (16) exhibit a relatively low proportion (30 – 45%) of L spots.
In comparison, we previously reported that the proportion of L spots
obtained from adult fecal samples is significantly higher (65– 83%)
(51). In the present study, the proportion of L spots was 45–77%;
therefore, we performed statistical and classification analyses using
only the common G spots (4,250) for all 22 samples.
Microarray Data Normalization
For the purpose of interarray normalization, a set of housekeeping
genes was used. These were determined as follows.
Housekeeping gene preparation. Common G probes (4,250) across
all 22 microarrays were identified. Using a list of 575 housekeeping
genes (24), we identified 33 housekeeping genes from the 4,250
common G probes found in the previous step (see supplemental
methods, supplemental Fig. 1, and supplemental Table 1 in the online
version of this article).
Additive normalization procedure. Arrays were grouped across the
type of feeding, and the average values of the 33 housekeeping genes
were calculated (see supplemental Fig. 1). Median values of the
averages were also calculated. Subsequently, a robust piecewise linear
regression was performed, and the corresponding regression value for
each array was calculated. Then the difference between the median
and regression values for each array was determined, and the raw
expression values of the common 4,250 genes on each array were
shifted by the corresponding discrepancies.
Identifying Multivariate Discriminators (Feature Gene Sets) for
Diet Classification
We used a previously described algorithm for feature set identification (51; also see supplemental methods). Estimation of the classification error is of critical importance when the number of potential
feature sets is large. When sample size is limited, an error estimator
may have a large variance and, therefore, may often be low, even if it
is approximately unbiased. This can produce many feature sets and
classifiers with low error estimates. We mitigate this problem by
applying bolstered error estimation (3). This procedure places a kernel
(density) at each data point and computes the error by integrating the
kernels over their misclassification regions, rather than simply by
counting incorrectly classified points, as is done in resubstitution error
estimation, thereby giving more weight to points near the classification boundary (see supplemental material for details on bolstering).
Bolstered error estimation performs especially well compared with
other error estimation methods in ranking feature sets, which was
important in this analysis (41). The bolstered error estimated can be
computed analytically in some cases, such as linear discriminant
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analysis (LDA; see supplemental material). Using prior knowledge
consisting of a set of 529 biomarkers (genes) known to be involved in
intestinal biology (51), we identified 146 potential features (genes)
that were biomarkers and exhibited a G-flagged expression value for
all the arrays. The relatively small size of this gene set allows for the
comparison of the errors of all the possible single-, two-, and threegene feature sets, thereby avoiding feature selection, which can be
highly unreliable in small sample settings (42). The result of the
overall approach is a list of “best” feature sets among all possible
feature sets, i.e., those possessing minimum classification error.
Identifying Potential Master and Slave Genes

Breast-Fed

Sample size
Maternal age, yr
Parity
Infant sex
Infant ethnicity
Length at birth, cm
Body weight, kg
Birth
1 mo
2 mo
3 mo
Breast milk or formula
intake, ml 䡠 kg⫺1 䡠 day⫺1
1 mo
2 mo
3 mo

Formula-Fed

12
10
28.0 ⫾ 5.4
30.5 ⫾ 5.0
2.0 ⫾ 0.0
2.1 ⫾ 0.6
8 male, 4 female
7 male, 3 female
10 Caucasian,
9 Caucasian,
1 Hispanic,
1 African-American
1 African-American
52.7 ⫾ 3.6
51.0 ⫾ 3.1
3.8 ⫾ 0.6ⴱ
4.9 ⫾ 0.7†
5.9 ⫾ 0.7‡
6.5 ⫾ 0.7§

3.5 ⫾ 0.6ⴱ
4.6 ⫾ 0.7†
5.7 ⫾ 0.8‡
6.4 ⫾ 0.9§

168.8 ⫾ 36.4ⴱ
128.0 ⫾ 20.6ⴱ
123.0 ⫾ 35.7†

175.4 ⫾ 30.0ⴱ
162.9 ⫾ 43.2ⴱ†
141.4 ⫾ 14.2†

Values are means ⫾ SD. Symbols (ⴱ,†‡§) indicate significant difference at
P ⱕ 0.001.

FF infant intake was similar at 1, 2, and 3 mo of age. Intake
differed between BF and FF infants at 2 mo of age, with FF
infants having significantly higher intake per kilogram of body
weight than BF infants (P ⫽ 0.007).
Postnatal Growth
Body weights (kg) of BF and FF infants at birth and 1, 2, and
3 mo of age are shown in Table 1. Body weight was significantly different across all time points, but no differences were
detected between males and females or by feeding method. To
compare the growth of infants in the study with reference
standards, weight-for-age Z scores for individual infants were
calculated in reference to the 2000 Centers for Disease Control
growth standards for male and female infants (www.cdc.gov/
GrowthCharts/). Z scores describe how far a child’s weight is
from the average weight of a child of the same age in the
reference data. It is expressed in multiples of the standard
deviation, with 0 reflecting the 50th percentile. Weight-for-age
of all infants was within ⫹2 to ⫺1 Z scores, supporting normal
growth and good nutritional status of the study population.
Classification of Diet

RESULTS

Subject Demographics, Birth Weight, and Length
A total of 12 mothers of BF infants and 10 mothers of FF
infants were recruited for the study. There were no differences
in mean age or parity between mothers of BF and FF infants
(Table 1). The sex distribution of the infants was similar in
both groups, and most infants enrolled in the study were
Caucasian. Birth length and weight were similar in both groups
(Table 1).
Breast Milk and Formula Intake
Breast milk and formula intake (ml·kg⫺1·day⫺1) were unaffected by sex but differed over time (P ⫽ 0.001) and between
diets (P ⫽ 0.038). Intake was affected by an interaction of
feeding mode and time (P ⫽ 0.004). BF infant intake decreased
between 1 and 2 mo of age and then remained stable (Table 1).

Although our primary goal was to validate this methodology
for use in infants, we also wanted to identify if mode of feeding
differentially influenced mRNA expression patterns. We applied a linear discriminator algorithm initially described by
Zhao et al. (51). The number of genes (features) for each linear
classifier was limited to 3, which allowed for an exhaustive
search and, thus, avoided errors associated with small sample
setting feature extraction. We identified the 10 best single-,
two-, and three-gene classifiers to distinguish between the two
groups of infants at 3 mo of age (Table 2). The results show
several cases where single genes can provide good (in terms of
the error estimate) classification (Table 2; see supplemental
Table 2). However, when considering these features as part of
two- or three-gene classifiers, we observed a significant decrease in the classification error. A similar phenomenon was
recently documented in the context of gene network modeling
(35). Specifically, the target (a gene or a phenotype) was
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Mathematical modeling of “master-slave” relationships in a gene
regulatory network was originally described by Dougherty et al. (22).
While examining a portion of a gene regulatory network, one can view
genes at various positions in that cascade as regulators/masters or
regulated/slaves. This is a relative characterization: in certain situations, a gene might act as a master; in other situations, it might act as
a slave. The intuitive notion of regulatory cascade can be formalized
using the coefficient of determination (CoD) (22, 31). The CoD
measures the relative increase in prediction accuracy by using the
optimal predictor for the target based on the predictors compared with
the best estimate of the target in the absence of predictors, i.e., the
increase in prediction accuracy vs. only knowledge of the target
distribution. The CoD has previously been used to measure multivariate nonlinear gene interaction (22, 31) and is defined as follows:
(ε0 ⫺ ε·)/ε0, where ε· and ε0 are the errors of the optimal predictor and
the predictor for the target using only statistics relating to the target itself,
respectively. The key concept in defining master genes is the expectation
that this type of regulator, when expressed, will be responsible for
activating one or more cascades of subsequent changes in the expression
of other genes. Thus one can achieve a more accurate prediction of the
state of a master gene in a specific microarray sample if inferences are
based on the observation of many of its slaves, rather than only on the
behavior of a single slave. This modeling approach postulates probabilistic relations between masters and slaves and derives the CoD for the
master relative to the slaves from the postulated relations (21). The
validation of the model was performed using expression profiles from a
series of 40 cell lines from a study of the response of benchmark cancer
cell lines, the National Cancer Institute 60 Anti-Cancer Drug Screen cell
line (27). The results suggest that the shapes of the histograms of the CoD
values, when all the possible triples of genes are used as predictors of a
given gene, can identify both master and slave genes in a particular cell
context. In general, CoD histograms for master genes are skewed toward
larger (closer to 1) CoD values, while the CoD histograms for the slaves
tend to exhibit the opposite behavior (skewed toward 0) (21, 32).

Table 1. Demographics and growth of study subjects
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Table 2. Classification of breast-fed vs. formula-fed infants
Gene

UCP2
NR3C1
TNFRSF10B
NR3C1
EPAS1
SYP
SLC26A2
TJP1
NR3C1
NR3C1
FOXE3
FOXE3
TLR5
REG4
LIFR
NODAL
HIF3A
HOXD10
KIT
EPAS1

SYP
NR3C1
UCP2
UCP2
UCP2
UCP2
UCP2
UCP2
UCP2
UCP2

⌬εbolstered

0.1214
0.1356
0.1364
0.1367
0.1374
0.1385
0.1400
0.1456
0.1478
0.1496
0.0869
0.0975
0.0987
0.1026
0.1039
0.1045
0.1057
0.1060
0.1064
0.1064
0.0778
0.0785
0.0785
0.0802
0.0808
0.0821
0.0823
0.0823
0.0824
0.0827

0.0345
0.0381
0.0377
0.0341
0.0335
0.0340
0.0343
0.0396
0.0414
0.0432
0.0091
0.0190
0.0202
0.0224
0.0231
0.0224
0.0234
0.0237
0.0240
0.0237

Top 10 one-, two-, and three-gene linear discriminant analysis classifiers are
shown. εbolstered, bolstered resubstitution error for the respective classifier
(classifiers are ranked according to that error measurement); ⌬εbolstered, decrease in error for each feature set relative to its highest ranked subset of
features. (See supplemental Tables 2– 4 for a complete listing of classifiers
based on 1-, 2-, and 3-gene sets.)

predicted with greater accuracy by the expression profiles of a
group of genes than by any proper subset of these genes (Table
2; see supplemental Tables 2– 4). For example, the best singlegene classifier (1-feature) based on endothelial PAS domaincontaining protein (EPAS1; ranked 1 in the list of single-gene
classifiers) had an estimated classification error of 0.1214.
Interestingly, conbination of this gene with a poorly performing single-gene classifier, uncoupling protein 2 (UCP2; ranked
33 in the list of single-gene classifiers), resulted in a two-gene
classifier with a much lower estimated error of 0.0869 (Table
2). Moreover, UCP2 appeared frequently in the 10 best threegene classifiers. These data clearly illustrate why complex
phenotypes can be explained better by multivariate feature sets.
To identify sets of genes that perform in a multivariate manner
to provide strong classification, we specifically looked for pairs
of genes that performed better than either of the genes individually and triplets of genes that performed well and substantially better than the best-performing pair among the three, and
so on. To estimate the improvements of the classification
performance, we introduced two quantities for each feature set:
εbolstered and ⌬εbolstered. εbolstered denotes the bolstered resubstitution error for the LDA classifier for the respective feature set
of size n, and ⌬εbolstered denotes the decrease in error with
respect to the highest ranked of its subsets of features (in the
list of features of size n ⫺ 1, n ⫽ 2,3). The feature sets were
ranked on the basis of the value of εbolstered. Figures 1 and 2

Fig. 1. Linear discriminant analysis (LDA) phenotype classification using the
genes endothelial PAS domain-containing protein 1 (hypoxia-inducible factor
2␣, EPAS1) and uncoupling protein 2 (UCP2) provides the best-performing
2-gene feature set. Classification is between breast-fed (Œ) and formula-fed
( ) infants (see Table 2 for additional details). Axes represent normalized
intensity values of the indicated genes. Note clear separation between the
groups, except for 1 outlier.



show LDA classifiers for the best two- and three-gene feature
sets listed in Table 2. The segregation of the two groups of
infants can be readily seen in Figs. 1 and 2.
To evaluate how this classification approach relates to differential expression, we compared the 10 best one-feature sets
and the genes showing differential expression between the two
groups at P ⬍ 0.05 (Table 3), where t-tests are performed using
normalized and logarithmically transformed gene intensity
values. The comparison revealed that 9 of the 10 best onefeature (gene) sets identified by the linear (LDA) classifier also
have P ⬍ 0.05. This is not surprising, because individual
differentially expressed genes have been traditionally used to
discriminate between phenotypes (38). We emphasize that
these P values are only for comparison purposes; therefore, the
cutoff of 0.05 has no bearing on classification in this study.

Fig. 2. LDA phenotype classification using the genes EPAS1, forkhead box
protein E3 (FOXE3), and synaptophysin (SYP) provides the best-performing
3-gene feature set. The 3-dimensional LDA hyperplane discriminates between
breast-fed (Œ) and formula-fed ( ) infants (see Table 2 for additional details).
Axes represent normalized intensity values of the corresponding genes. Note
clear separation between the groups, except for 1 outlier (the same infant
outlier in Fig. 1).
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EPAS1
NR5A2
NR3C1
PCDH7
ITGB2
FGF5
TJP1
MYB
EPIM
BAD
EPAS1
CTDSPL
NR3C1
FOXP4
CDK4
EPAS1
NR3C1
GPR41
FOXP1
HSPA1A
EPAS1
CTDSPL
EPAS1
EPAS1
EPAS1
EPAS1
EPAS1
EPAS1
EPAS1
ALOX5

εbolstered
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Identification of Master Regulatory Genes
Table 3. Relative exfoliated cell gene expression levels in
breast-fed vs. formula-fed infants following a 3-mo feeding
period
P Value

Fold Change

NCBI Accession No.

7.94E-06
9.99E-06
1.75E-05
5.36E-05
1.08E-04
3.81E-04
4.60E-04
6.12E-04
6.15E-04
6.34E-04
6.65E-04
7.38E-04
1.06E-03
1.51E-03
2.80E-03
3.16E-03
3.25E-03
3.62E-03
3.77E-03
3.82E-03
4.42E-03
4.97E-03
5.23E-03
5.38E-03
5.52E-03
6.02E-03
6.66E-03
6.97E-03
8.60E-03
8.79E-03
1.04E-02
1.04E-02
1.11E-02
1.18E-02
1.26E-02
1.29E-02
1.33E-02
1.41E-02
1.41E-02
1.49E-02
2.11E-02
2.12E-02
2.21E-02
2.31E-02
2.45E-02
2.63E-02
2.79E-02
2.79E-02
2.93E-02
3.03E-02
3.35E-02
3.71E-02
3.98E-02
4.27E-02
4.43E-02
4.44E-02
4.79E-02
4.96E-02
4.96E-02
5.01E-02
9.54E-02
2.04E-01

0.3339
0.7359
0.3287
3.3001
0.8228
2.4223
5.5126
0.5819
0.8177
0.7088
2.8371
0.6997
3.9210
2.4767
4.0367
2.1919
0.8352
0.8000
2.5813
0.7725
0.8683
2.0341
2.6462
2.7635
0.7948
2.1256
0.9621
2.7249
1.0345
0.9640
0.9432
1.9512
2.7804
0.7598
2.1625
0.9778
1.0729
2.0993
0.9458
0.6170
1.0164
1.7642
2.5229
6.4201
3.7358
1.0272
1.9989
0.9364
2.4451
0.9989
1.0456
3.0954
0.9947
0.7267
1.8863
1.0646
2.6630
1.1373
0.7172
1.0786
0.9853
1.7147

CA313202.1
AF074988.1
NM_012186.1
AA838165.1
NM_003118.2
NM_032044.2
X03225.1
NM_058238.1
NM_002500.1
CF593418.1
U80251.1
NM_020426.1
AA252063.1
BF002339.1
AI360092.1
NM_005764.3
AA701319.1
NM_003212.1
BX113382.1
T83934.1
NM_022803.1
AI801441.1
NM_000201.1
NM_004573.1
NM_003393.2
NM_133373.2
AI242906.1
BE676551.1
BG546714.1
NM_030655.2
NM_005275.2
NM_003179.2
NM_005375.2
NM_003268.3
AL109707.1
NM_018953.2
AL110200.1
NM_004324.3
AW086233.1
AW389191.1
BE674445.1
NM_005522.3
BI495496.1
NM_005345.4
U50157.1
NM_014620.2
AA461028.1
NM_002310.2
AK025016.1
NM_000435.1
NM_003005.2
NM_147149.1
AA928725.1
NM_173681.2
BX538242.1
NM_020525.4
CK905987.1
BF967917.1
NM_000958.2
NM_002663.2
NM_014553.1
AF020763.1

Fold change represents relative expression level in breast-fed divided by
formula-fed infants for individual genes. Data are ranked by P value, computed
using t-tests applied to normalized data.

DISCUSSION

The interaction between the major components of the intestinal ecosystem, including nutrients, microflora, epithelium,
and aspects of nonspecific and specific immunity, has important implications for GI development and function, as well as
overall health (6). Nutrition, in particular, is believed to play a
major role in the modulation of the evolving infant gut. Recent
evidence suggests that host factors in amniotic fluid and breast
milk contribute to gut maturation (19, 44). The regulatory role
of nutrition is particularly crucial during the early postnatal
period, impacting GI barrier function, gut motility, mucosal
immunity, digestive and absorptive capacity, and microbial
colonization (10, 44). With respect to underlying mechanisms,
data indicate that epigenetic regulation plays an important role
in intestinal development and pathology (18, 46, 47). Unfortunately, because of the lack of tissue biopsies, no investigators
have performed a global transcriptional analysis of the developing human intestine in the early postnatal period. Therefore, the
overall objectives of this proof-of-principle study were 1) to
validate the use of methodology to extract mRNA from infant
fecal samples and 2) to noninvasively fingerprint and compare
intestinal transcriptional profiles in exclusively BF or FF infants.
As part of this effort, gene sets or combinations were identified in
response to human milk or infant formula feeding. As opposed to
using expression levels of significantly up- or downregulated
genes, we applied novel mRNA-based noninvasive methods to
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Gene Name

EGFR
DAPK1
FOXE3
EPAS1
SPARC
REG4
NR3C1
WNT7B
NEUROD1
HIF3A
NR5A2
LYZL6
PCDH7
GATA6
BAD
MAP17
CAMK2D
TDGF1
ITGB2
APC
UCP3
FOXM1
ICAM1
PLCB2
WNT8B
PLCD3
PPAP2B
FOXP1
TJP1
DDX11
GNL1
SYP
MYB
TLR5
TJP1
HOXC5
ALOX5
BAX
FOXJ3
REG4
MAML1
HOXA1
TGFB2
HSPA1A
PDE4D
HOXC6
FGF5
LIFR
CD9
NOTCH3
SELP
GSTM4
TP53
NOS3
FOXP1
IL22
TCF7L2
NODAL
PTGER4
PLD2
TFCP2L1
IGF1R

Table 2 lists the 10 best single-gene classifiers among the
146 genes considered. We subsequently posed the following
question: Do these genes provide good discrimination between
the classes because they regulate large numbers of other genes?
Although this question cannot be answered directly using the
CoD method, a master gene that controls many slaves will
possess a CoD histogram, the mass of which is concentrated to
the right (toward 1). Thus we examined whether the best
discriminators have master-like CoD histograms (see supplemental methods). After binarization, genes exhibiting less than
4 changes in their binary profiles were excluded from further
CoD analyses, leaving only 55 of the original 146 biomarker
genes. Of the 10 best single-gene classifiers in Table 2, all but
tight junction protein 1 (TJP1) are among the 55 genes. TJP1
is missing because its binary profile exhibited less than 4
changes over the 22 infant samples. Rather than performing the
CoD analysis with this small set, which includes only genes
selected on the basis of putative biological relevance, we
randomly selected 100 of the remaining 764 genes to provide
a total of 155 genes to construct CoD histograms. To compute
the CoD distributions, each gene was treated as the target in
turn, and triples of the remaining 154 genes were queried to
predict the target. This approach was used to examine a total of
C(154,3) ⫽ 596,904 different combinations of triple predictors
for each target gene and its CoD distribution histograms.
The CoD histograms for the single-classifier genes in Table
2, excluding TJP1, are shown in Fig. 3. CoD-histogram means
⬎0.7 are considered strong, and those ⬎0.8 are considered
extremely strong. CoD means are ⬎0.8 for six and very close
to 0.7 for two of the nine genes from Table 2 (see supplemental
Fig. 2 for CoD histograms of the 9 genes with the lowest CoD
means).
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identify the best single-gene and two- to three-gene combinations
for distinguishing treatment effects. Similar to previous studies,
we demonstrate that three-gene combinations provide classifiers
with potential to noninvasively identify discriminative signatures
for diagnostic purposes (32, 36). Collectively, these data indicate
for the first time that genes that are modulated during neonatal gut
epithelial differentiation are differentially represented in BF and
FF infants.
It is likely that some of the variability among the BF infants
results from potential differences in milk composition, namely,
oligosaccharides and, potentially, lipids, as well as differences
in the intestinal microbiota. Human milk contains ⬎200 different oligosaccharides, which vary by maternal genetics (25).
Human milk oligosaccharides have direct interactions with
intestinal epithelial cells (33), as well as the microbiota (45),
and, thus, may directly or indirectly affect host gene expression. Lipids are the most variable components of human milk
and are directly impacted by maternal diet (4). This may be
relevant, because several long-chain polyunsaturated fatty acids can directly regulate transcriptional activation of gene
expression via activation of nuclear transcription factors (43).
Lastly, the microbiota of BF and FF infants are reported to
differ (2), and it is known that the microbiota and soluble
metabolites of the microbiota can directly influence host gene
expression (49).
From a biological context, the best-performing gene, on the
basis of its ranking of single-, two-, and three-gene classifiers,
was EPAS1. The EPAS1 protein is a basic helix-loop-helix
PAS transcription factor involved in cellular response to hypoxia, whereby its activation is stimulated by hypoxia, with
subsequent induction of vascular development (26, 40). Interestingly, EPAS1 was significantly (3-fold) upregulated in BF

infants. This is noteworthy, because hypoxia-triggered angiogenesis may affect predisposition to proinflammatory states,
including necrotizing enterocolitis (50). Although the role of
EPAS1 in the evolving human neonatal intestine is not well
defined, CoD analyses indicated its role as a master regulator
of signaling cascades. This novel method finds associations
between the expression patterns of individual genes by determining whether knowledge of the transcriptional levels of a
small gene set can be used to predict the associated transcriptional state of another gene (21, 31). The power of this
approach lies in its ability to find unexpected links between
processes not previously known to be coordinated. Interestingly, the majority of master genes identified in this study are
transcription factors associated with angiogenesis and wound
repair, e.g., EPAS1, nuclear receptor subfamily 5, group A,
member 2 (NR5A2), MYB, and nuclear receptor subfamily 3,
group C, member 1 NR3C1 (11, 23, 26, 28, 34, 39). Other
genes have also been implicated in GI morphogenesis: integrin-␤2 (ITGB2), Bcl2 antagonist of cell death (BAD), protocadherin 7 (PCDH7), and fibroblast growth factor 5 (FGF5).
It is noteworthy that several genes exhibited the same binary
profile; i.e., their CoD distributions were identical (Fig. 3).
This represents the interplay of three factors: 1) the sample size
is small; 2) binarization has removed small differences, which
indeed is a salient purpose of binarization; and 3) we conjecture that these genes are reacting concordantly in response to
cellular conditions, which is supported by their strong CoD
values and discriminatory power. We also must keep in mind
that identical profiles might indicate that the genes are part of
a tightly controlled regulated pathway in which one of them is
actually the master over the pathway and that this master, or
the pathway as a whole, controls a large family of genes. The
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Fig. 3. Association between expression patterns of
genes (triple predictors) was determined using coefficient of determination (CoD). CoD measures
the degree to which the transcriptional levels of an
observed gene set can be used to improve the
prediction of the transcriptional state of a target
gene relative to the best-possible prediction in the
absence of observations. Examples for the strong
single-gene classifiers in Table 2, excluding tight
junction protein 1 (TJP1), are shown. NR5A2,
nuclear receptor subfamily 5, group A, member 2;
NR3C1, nuclear receptor subfamily 3, group C,
member 1; PCDH7, protocadherin 7; ITGB2, integrin-␤2; EPIM, epimorphin; BAD, Bcl2 antagonist
of cell death.
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validity and reliability of these molecular master-slave gene
relationships may be better defined at the protein expression
level and, therefore, warrant further studies to confirm physiological relevance.
Although the precise origin of exfoliated cells is not known,
results from this study indicate that a number of genes associated with discrete epithelial cell types are detectable. Examples
include absorptive enterocytes (lactase, sucrase-isomaltase),
goblet cell (mucin-2), enteroendocrine cells (chromogranin A,
intestinal mucin 3a), and paneth cell (lysozyme; data not
shown). Thus it is likely that transcriptome signatures of the
small and large intestine can be monitored over time. Clearly,
additional studies are needed to elucidate the contribution of
small and large intestine exfoliated cells to the pool of mRNA
used in our screening test. We previously tested the feasibility
of the noninvasive mRNA procedure in 1) a rat experimental
colon carcinogenesis model (13) and 2) human subjects at high
risk for colonic adenoma recurrence (15, 51). In a significant
advancement, we reported that two- and three-gene combinations provide classifiers with potential to noninvasively identify discriminative molecular signatures. These findings support our hypothesis that it is possible to noninvasively detect
molecular markers (combination gene sets) in exfoliated cells,
which may provide an alternative approach to evaluating intestinal development and function in infants.
In conclusion, we demonstrate that fecal samples containing
exfoliated cells hold potential for evaluating intestinal exposure to food and possibly other nondietary components in
infants. Response to type of infant feeding based on one-, two-,
and three-gene feature sets was accomplished using mRNA
directly isolated from infant feces. In addition, on the basis of
these preliminary data, the concordance between classification
and CoD analyses emphasizes the potential usefulness of
exfoliated cells in the identification of master controlling
genes, many of which may be associated with mucosal morphogenesis. Given the need to better understand the role of
nutrition in promoting GI health and development, noninvasive
tests are expected to become increasingly relevant tools in
tailoring diet to meet the nutritional needs of the growing
infant. By continuing to build on this data set, this methodology may be used as a molecular tool to noninvasively evaluate
the performance of infants, at the intestinal level, in response to
different dietary regimens.
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Supplemental Table 1. List of 33 housekeeping genes used for normalization of the

3

microarray data.

4
5
NCBI Accession #
NM_002635.2
NM_001863.3
NM_003860.2
NM_001675.2
NM_001865.2
NM_014730.2
NM_003314.1
NM_007260.2
NM_006694.2
NM_000937.2
NM_012412.3
NM_002140.2
NM_002406.2
NM_002794.3
NM_007286.3
NM_021642.2
NM_004924.3
NM_002686.2
NM_021959.1
NM_002088.3
NM_005175.2
NM_002636.3
NM_004309.3
NM_000858.4
NM_001619.2
NM_006612.3
NM_001017.2
NM_001694.2
NM_019884.2
NM_007245.2
NM_006389.2
NM_005731.2
NM_004197.1

Gene
Name
SLC25A3
COX6B1
BANF1
ATF4
COX7A2
KIAA0152
TTC1
LYPLA2
JTB
POLR2A
H2AFV
HNRPK
MGAT1
PSMB2
SYNPO
FCGR2A
ACTN4
PNMT
PPP1R11
GRIK5
ATP5G1
PHF1
ARHGDIA
GUK1
ADRBK1
KIF1C
RPS13
ATP6V0C
GSK3A
ATXN2L
HYOU1
ARPC2
STK19

6
7
8
9
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10
11
12

SupplementalTable 2. Single gene classification of breastfed versus formula-fed subjects.

13

Single-gene LDA classifiers are shown.

14

respective classifier.

15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43

Gene names
EPAS1
NR5A2
NR3C1
PCDH7
ITGB2
FGF5
TJP1
MYB
EPIM
BAD
PLCB2
GATA6
PLCD3
FOXM1
ICAM1
REG4
TGFB2
HOXA3
HOXA1
MAP17
CD9
BAX
EGFR
AXIN2
FOXP1

εbolstereddenotes bolstered resubstitution error for the

εbolstered
0.1214
0.1356
0.1364
0.1367
0.1374
0.1385
0.1400
0.1456
0.1478
0.1496
0.1507
0.1530
0.1544
0.1545
0.1567
0.1584
0.1601
0.1612
0.1637
0.1663
0.1723
0.1750
0.1788
0.1815
0.1884

44
45
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46

Supplemental Table 3.Pair-wise gene classification of breastfed versus formula-fed subjects.

47

Pair-wise gene LDA classifiers are shown.

48

the respective classifier.

εbolstereddenotes bolstered resubstitution error for

49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

Gene names
EPAS1, UCP20
CTDSPL, NR3C1
NR3C1, TNFRSF10B
FOXP4, NR3C1
CDK4, EPAS1
EPAS1, SYP
NR3C1,SLC26A2
GPR41, TJP1
FOXP1, NR3C1
HSPA1A, NR3C1
BAX, EPAS1
EPAS1, SCN5A
ALOX5, EPAS1
EPAS1, PIK3R1
FOXE3, NR3C1
EPAS1, PHB
CAMK2A, EPAS1
CACNB2, EPAS1
EPAS1, GCM1
EPAS1, PTGER4
EPAS1, PTK2B
EPAS1, FOXE3
EPAS1, NR6A1
EPAS1, TNFRSF10B
BCL2L12, EPAS1

εbolstered
0.0869
0.0975
0.0987
0.1026
0.1039
0.1045
0.1057
0.1060
0.1064
0.1064
0.1083
0.1090
0.1095
0.1096
0.1096
0.1103
0.1106
0.1111
0.1112
0.1112
0.1115
0.1116
0.1117
0.1119
0.1120

78

Confidential

Page 3

2/24/2010

4
79

Supplemental Table 4.Triplet-wise gene classification of breastfed versus formula-fed subjects.

80

Triplet- wise gene LDA classifiers are shown.

81

the respective classifier.

82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110

Gene names
EPAS1, FOXE3, SYP
CTDSPL, FOXE3, NR3C1
EPAS1, TLR5, UCP2
EPAS1, REG4, UCP2
EPAS1, LIFR, UCP2
EPAS1, NODAL, UCP2
EPAS1, HIF3A, UCP2
EPAS1, HOXD10, UCP2
EPAS1, KIT, UCP2
ALOX5, EPAS1, UCP2
EPAS1, TGFB3, UCP2
EPAS1, HMGCL, UPC2
CA12, EPAS1, UPC2
CACNB2, EPAS1, UPC2
EPAS1, SELL, UPC2
EPAS1, PTGER4, UPC2
EPAS1, TP53, UPC2
BECN1, EPAS1, UPC2
FOXE3, FOXP1, NR3C1
EPAS1, POU5F1, UCP2
FOXE3, NR5A2, SLC26A2
CTDSPL, NR3C1,TNFRSF10B
EPAS1, MSRB3, UCP2
FOXE3, FOXP4, NR3C1
CDK4, EPAS1, UCP2

εbolstereddenotes bolstered resubstitution error for

εbolstered
0.0778
0.0785
0.0785
0.0802
0.0808
0.0821
0.0823
0.0823
0.0824
0.0827
0.0833
0.0838
0.0848
0.0848
0.0858
0.0860
0.0860
0.0866
0.0876
0.0883
0.0883
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Supplemental Figure 1. Housekeeping genes and piecewise median normalization.

114

Blue dots represent average raw intensities (per array) of the 33 housekeeping genes prior to

115

normalization. Red dots represent averagesof the same genes after normalization. The two

116

pink lines represent the median values of the averages across each group prior to

117

normalization. The two green lines represent the robust piecewise linear regression of the

118

sameaverages prior to normalization. The discrepancies between the purpleand the green lines

119

were used to additively shift the values of the 4250common "good" genes on each of the arrays.

120

Y-axis, raw expressionvalues; X-axis, microarray IDs ordered by the grouping of the babies.
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124

Supplemental Figure 2. Association between the expression of genes (triple predictors) was

125

determined using the coefficient of determination (CoD).This coefficient measures the degree to

126

which the transcriptional levels of an observed gene set can be used to improve the prediction

127

of the transcriptional state of a target gene relative to the best possible prediction in the absence

128

of observations. The CoD histograms in this figure are the ones with the smallest means.
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130

Supplemental Figure 3. Depiction of the “walk-through” steps for data analyses. A detailed

131

description of the procedures is given in the Supplementary Methods.

132
133
134
135
136
137

Rank all of the classifiers
according to their
bolstered error

For each combination of 1, 2,
or 3 genes, construct the
LDA classifier and compute
its respective bolstered error

Form all of the
combinations of 1, 2 and 3
genes using the genes from
the set B

Find the set “A” of
common good (G) spots
for all of the
22microarrays

Perform additive
normalization using the
common housekeeping genes
with good (G) signal across
all of the arrays

Extract the set B of
putative biomarkers from
the set A

138
139
140
141
142
143
144
145

For each gene in D
compute the CoDs using
all of the possible triples
of genes formed by the
remaining genes in D

Form the set D by adding 100
randomly selected genes
from set A to the genes in set
C

Binarize the expression of
the genes in the set B, and
place the genes with more
than 4 changes in their
binary profile in the set C

146
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Supplemental Methods:

151

Data Normalization. Two normalization issues were addressed. First, there was a large

152

number of low-quality spots and second, while the microarray intensities showed no aberrant

153

trend up to a certain point in time (relative to when microarray was performed), after a certain

154

point there was a somewhat linear decline in intensity.

155
156
157
158

Bolstered Error Estimation
The simplest approach to estimate the error of a designed classifier ψ is by applying ψ to the

159

res
sample dataset that is being used for both training and testing. This resubstitution estimate, ε̂ n ,

160

is the fraction of errors made by ψ on the sample. The resubstitution estimator is typically (but

161

not always) low-biased, meaning E[ ε̂ n ] <E[εn], and this bias can be severe for small samples,

162

depending on the complexity of the classification rule.

163

res

In resubstitution there is no distinction between points near and far from the decision

164

boundary; the bolstered-resubstitution estimator is based on the heuristic that, relative to

165

making an error, more confidence should be attributed to points far from the decision boundary

166

than points near it (S1). This is achieved by placing a distribution, called a bolstering kernel, at

167

each point. A key issue is the amount of bolstering (spread of the bolstering kernels), and a

168

method has been proposed to compute this spread based on the data (S1).Supplemental

169

Figure 4 illustrates the error for linear classification when the bolstering kernels are uniform

170

circular distributions. By normalizing their total volume to 1, the collection of bolstering kernels

171

form a probability density

172
173

f∇(x, y) =

1 n ∇
∑ fi (x − xi ) I y = y i
n i =1

174
175

∇
where f i (x−xi) is the bolstering kernel at the sample point xi and IA is the indicator function, IA =

176

1 if A is true and IA = 0 otherwise. The bolstered resubstitution error estimate is obtained by
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integrating all bolstering kernels over their corresponding error regions (rather than simply

178

counting the erroneously classified points as with resubstitution):

179
180

ε̂bol
=
n

1 n ⎛⎜
I yi = 0 ∫ fi∇ (x − xi ) dx + I yi =1 ∫ fi∇ (x − xi ) dx
∑
⎜
n i =1 ⎝
{x:ψ ( x ) =1}
{x:ψ ( x ) = 0}

⎞
⎟
⎟
⎠

181
182

Bolstered error estimation is illustrated in Supplemental Figure 4 for circular uniform bolstering

183

kernels and linear classification.

184
185

186
187
188

Supplemental Figure 4. Bolstering kernels for linear classification.

189
190
191

Linear Discriminant Analysis

192

two functions, d0 and d1, and x is classified as Y = 1 if d1(x)≥d0(x)and x is classified as Y = 0 if

193

d0(x)≥d1(x). It has been known for many decades that, if the classes are assumed to possess

194

normally distributed densities, then the optimal classifier is determined by the discriminant

It is common to view classification via discriminant functions. For binary classification there are

195
196
197
198
199

where Kk and uk are the covariance matrix and mean vector, respectively, and f(k) is the prior

200

probability for class k. The form of this equation shows that the decision boundary d0(x) = d1(x)

dk(x) = −(x−uk)'Kk−1(x−uk) − log(det[Kk]) + 2log f(k)
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is quadratic and the equation characterizes quadratic discriminant analysis (QDA). If the classes

202

possess the same covariance matrix K, then the discriminant reduces to
dk(x) = −(x−uk)'K−1(x−uk) + 2log f(k)

203
204
205

which is a linear function of x and produces hyperplane decision boundaries. This discriminant

206

characterizes linear discriminant analysis (LDA).

207

The discriminants for quadratic and linear discriminant analysis are derived under the

208

normality assumption, but in practice can perform well so long as the class conditional densities

209

are not too far from Gaussian and there is sufficient data to obtain good estimates of the

210

relevant covariance matrices, the point being that the QDA and LDA classification rules involve

211

finding the sample covariance matrices and sample means. Owing to the greater number of

212

parameters to be estimated for QDA as opposed to LDA, one can proceed with smaller samples

213

with LDA than with QDA and this is why, with small samples, it is common to use LDA even if it

214

is believed that the covariance matrices are not equal (S2).

215
216
217
218

Coefficient of Determination

219

recently introduced in the context of nonlinear operators (S3). The CoD measures the degree to

220

which the expression levels of an observed set of “predictor” random variables can be used to

221

improve prediction of the expression of a target variable relative to the best possible prediction

222

in the absence of observations. Given the target variable Y and predictor variables X1, X2,…, Xk,

223

the CoD for X1, X2,…, Xk predicting Y is defined by

The coefficient of determination(CoD), long used in the context of linear regression, was more

224
225

CoD =

ε0 − εopt
ε0

226
227
228

where εopt is the best estimate, fopt(X1, X2,…, Xk), of Y based on the predictor variables and ε0 is

229

the error of the best constant estimate of Y in the absence of any observations. It is easily seen
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that the CoD must be between 0 and 1 and measures the relative decrease in error by

231

estimating Y via the predictor variables rather than by just the best constant estimate. In

232

practice, the CoD must be estimated from training data with designed approximations being

233

used in place of fopt.

234
235

Identifying Multivariate Discriminators (Feature Gene Sets) for Diet Classification

236

Because we only have data and not the underlyingfeature-label distributions, the errors have

237

been estimated from thedata.

238

settings,we do not have much confidence in any single feature set and that it ismuch more

239

likely, if there is an adequate sized collection of good performingfeature sets, that some will

240

performwell on the overall population (S4).

This approach takes into account that, in small-sample

241
242

Identifying Potential “Master” and “Slave” Genes

243

If “master” gene activities completely determine the activities of all genes in a given pathway,

244

then the “master” and the genes in the governed pathway will exhibit closelyrelated expression

245

profiles. Hence, their CoD histograms will be very close. In effect, one can think of the pathway

246

as a “master pathway,” in the sense that its collective activity mirrors that of the true “master”

247

gene, which is itself controlling many genes, including the given pathway. Put simply, the CoD

248

cannot distinguish between genes possessing the same expression profiles.

249
250
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251

Gene Bin
narization

252

Procedurre:

253

1. Sort ge
ene intensitiies in ascend
ding order and
a compute
e the average
e increase in
n those

254

intensitie
es (jump size
e).

255

2. Find th
he first “big jump” which is larger tha
an the average jump size
e and determ
mine the

256

threshold
d to be the first value after the big jump.

257

3. For ea
ach gene exp
pression value, if it is gre
eater than th
he threshold found in ste
ep 2, set the
e

258

binarized
d gene expre
ession to be 1 and if ithe
e gene expre
ession value
e is less than
n the thresho
old,

259

then set the binarized expression
n to be 0.

260

This proccedure is illu
ustrated by th
he example given in the Supplemen
ntal Figure 5.

261
262

Supplem
mental Figurre 5. An exa
ample of the
e gene expre
ession binariization proce
edure.
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